Abstract
INTRODUCTION
Delay estimation in CDMA receivers has carried out traditionally using Delay Locked Loops (DLLs) [1] , [2] , [3] . The DLLs have optimal performance for single user, single path systems [2] , but their performance deteriorate significantly in multipath environments, especially for closely-spaced paths scenarios [3] . Improved DLLs solutions have been proposed in the literature, such as interference cancellation and interference minimization schemes [3] . These schemes have good performance in multipath environments, but they require a priori estimates of the channel complex coefficients of the interfering paths and information about the spacing between paths [3] . This a priori information can be obtained via Maximum-Likelihood (ML) algorithms [3] , but such algorithms are quite complex for practical implementation.
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In order to solve closely-spaced multipaths, we propose here an Extended Kalman Filter (EKF)-based solution, which estimates jointly the multipath delays and complex coefficients. It can be applied both in multiuser and single user environments.
The use of Kalman filtering for tracking the time delays and multipath coefficients in a CDMA environment was first proposed in [4] for single user environments and in [5] , [6] for multiuser scenarios. The main reasons for using Kalman filter (KF) were: the ability of tracking the channel variations in fast environments, the near-far resistance in multiuser environments [7] and the fact that KF is the optimal minimum variance estimator for channels described by first-order Gauss-Markov processes [8] . Due to the fact that the received signal is not a linear function of the multipath delays, an Extended Kalman Filter (EKF) was proposed in [4] , [5] . The EKF is a practical approximation to the minimum variance estimator when the observation sequence is nonlinear in the state variables.
The models of [4] , [5] , [6] , [7] assume that the channel paths are uniformly spaced, and the only delay to be estimated is the delay of the first path. Also, the models are given at sample level. In practical WCDMA scenarios, the path spacings are not constant and some paths may be closely-spaced. In our EKF-based model, we estimate jointly all path delays, and we do not impose any constant spacing between multipaths. Since the signal-to-noise ratio might be very low for an estimation at sample level, we also present the EKF solution for symbol level estimates. We study here the robustness of the EKF delay estimation algorithm for a downlink WCDMA system employing root raised cosine pulse shaping. We show that EKF channel estimates are quite accurate if the initial errors on the multipath parameters are low enough. The sequel of this paper is organized as follows. In Section 2, the signal and channel models are described and the EKF algorithm is presented. Section 3 presents the simulation results and Section 4 gives the conclusions.
CHANNEL AND SIGNAL MODEL
We consider a DS-CDMA system with N u users. The received signal at sample level, transmitted over an Lpath fading channel can be written as:
(1) where i is the sample index (we assume that there are N s samples per chip), E bu is the bit energy of the u-th user (we assume that all bits of the same user have the same energy), L is the number of discrete multipath components, T s is the sampling period (T s =T c /N s , T c is the chip period), α l,u (i) represents the instantaneous complex valued time varying channel coefficient of the l-th path of user u, τ l,u (i) is the delay of l-th path of user u at the i-th sample, s u (·) is the signature of user u including data modulation, spreading code and pulse shaping, and η is additive white Gaussian noise of double-sided spectral power density N 0 . The signatures of all users are assumed to be known at the receiver (this corresponds to a situation when a pilot signal is available, for example CPICH signal in downlink WCDMA environment [9] ).
The output of the matched filter (or correlator) during the symbol n with lag τ becomes:
where S F is the spreading factor, R u,v (·) is the crosscorrelation between the signature of the user of interest (u-th user) and the signature of the v-th user,η(n) is the filtered noise plus interchip and intersymbol interference, α l,v (n) andτ l,v (n) are the complex channel coefficients, and the path delays, respectively, at symbol level:
. (2) If the channel is Rayleigh fading, the channel coefficient and delays may be modeled as a first-order autoregressive (Gauss-Markov) processes (the model is assumed to hold either at sample level or at symbol level, depending on the desired estimation type):
where j is a generic index, standing either for sample index i, or for symbol index n (at symbol level estimation, α l,u and τ l,u are replaced respectively byα l,u and τ l,u ), depending on the desired estimation type, w α (·) and w τ (·) are mutually independent additive white Gaussian noise processes, γ l,u is a coefficient accounting for the transmitter timing jitter, and β l,u is a coefficient accounting for the Doppler spread [10] :
where f D l,u is the maximum Doppler frequency of the l-th path of user u, T sym is the symbol index (T sym = N s S F T s ), and I 0 (·) is the zero-order Bessel function.
EKF Estimation
The estimation of different parameters using the EKF is done either at sample level or at symbol level. The state variables are the multipath complex coefficients and the multipath delays. The EKF set of equations can be written as:
State model:
.
(5) where x(j) is the 2LN u × 1 state vector which we are trying to estimate:
and the matrix F is a 2LN u × 2LN u diagonal matrix:
Above, w(·) and ν(·) are white Gaussian noise processes, and z(·) is the received signal at sample or symbol level:
The observation z(·) depends non-linearly of the state vector x, and the non-linear transform H(·) is
• Estimation at symbol level (j ≡ n):
The EKF algorithm requires the linearization of H(·).
The most used linearization is the first order Taylor expansion [4] , [7] , [6] :
, (10) wherex(j | j − 1) is the predictor at step j, conditional to previous observations, x m (j) are the elements of the state vector x(j), andx m (j | j − 1) are the elements of the predictor vector x(j | j − 1), m = 1, . . . , 2LN u .
With this linearization, the EKF equations are readily given as [4] , [6] , [7] :
Here, Σ ν is the covariance matrix of the measurement noise and D H (j) is the partial derivative matrix:
The one step prediction of the state vector and error covariance matrix satisfy:
and, respectively,
where
We remark that the Kalman gain K(j) is a 2LN u ×1 vector for the estimation at sample level, and it is a 2LN u × N u matrix for the estimation at symbol level. Also, the partial derivative matrix D H (j) is a complex vector of size 2LN u at sample level and it is a matrix of size 2LN u × N u at symbol level estimation.
SIMULATION RESULTS
The EKF algorithm was used for a Rayleigh fading channel with 2 closely spaced paths (i.e., at less than one chip apart) for a single user WCDMA downlink system. The reason for using only the single user scenario was: firstly, we wanted to illustrate the maximum achievable performance of the EKF based estimator and its robustness to the closely spaced fading paths. Secondly, the single user performance is also illustrative for multiple user case if we assume that the Gaussian assumption holds [11] .
The simulation was carried out first at symbol level and then at sample level. At symbol level, we used one period of test measurements of length 100 symbols and at sample level, we used one period of test measurements of length 4096 samples. Delays were supposed to be constant during one test measurement (assumption usually true in terrestrial CDMA communications for observation periods of the order of milliseconds), while the coefficients were time-varying. The simulation environment was based on WCDMA specifications [9] . The parameters used in the Gauss-Markov model of Eq. (3) are: β = 0.999 and γ = 1.0, supposed to be the same for all the paths, and zero noise variance for the constant delays.
We noticed that when the initial delay error is less than the path spacing, the convergence is guaranteed and the tracking error (when convergence is reached) never exceeds 1/N s chips for N s = 4 and N s = 8. But when the initial delay error is greater than the path spacing, the convergence is not always guaranteed (sometimes, the first path may converge to the second and vice versa or the algorithm may diverge). This behavior is illustrated in Fig. 1 for EKF estimation at sample level. At high initial delay error, the EKF fails to track correctly the delays and the algorithm diverges (as we considered that successive paths are close within only 1 chip distance, divergence means here that the error is higher then 1 chip). Fig. 2 shows the tracking trajectory of both delays and channel coefficients at symbol level with tracking delay error initialized at τ −τ = 0.5T c . The bit energy to noise ratio was E b /N 0 = 5 dB and the oversampling factor was N s = 8. It is seen that the convergence is reached for the delays in less than 20 symbols, but the channel coefficients are not very well tracked, because the number of points used is not enough to reach the convergence region. In Fig. 3 , the update of EKF equation is done at sample level. The bit energy to noise ratio was E b /N 0 = 5 dB. The tracking delay error initialized at τ −τ = 0.5T c . It is seen that the estimated delays converge to the right values in less than 2500 samples and the convergence for the channel coefficients is also reached but with large jitter variation. We notice also that in all the cases the mean delay error is less than 1/N s chips in the convergence region for N s = 4 and N s = 8. Therefore, for increased accuracy in the delay estimates, higher oversampling factor should be used.
The initialization of the covariance matrix is also an important factor on the behavior of the EKF algorithm. The simulation showed also that the co-variance matrix values must be computed adaptively, A function of the noise level, in order to reach smoothly and rapidly the convergence region.
CONCLUSIONS
In this paper we presented an Extended Kalman filter (EKF) algorithm for the estimation of closely-spaced path delays and complex coefficients in WCDMA environments. The EKF was simulated both at symbol and sample levels for a practical downlink WCDMA scenario, employing root raised cosine pulse shapes. The simulation results showed that EKF is fast convergent both at symbol and at sample level, and the mean delay error is at most one sample in both cases. EKF algorithm always converges when the initial delay errors are less than the spacing between paths, which means that EKF based algorithm is suited only for tracking, and not for acquisition of the delays. Besides, EKF algorithm requires a priori knowledge about the noise covariance matrices and it is quite sensitive to the initialization of the state covariance matrix. Since the EKF algorithm is solved iteratively, its complexity increases with the number of samples, therefore a symbol-level estimation seems more suitable for practical CDMA receivers. Additionally, symbol level delay estimates are more robust to the noise than the sample level delay estimates. We also remark that the continuous-time derivatives of the signal are needed for the linearization process. In practice, the discretization process might introduce some errors. Efficient solutions could be based on interpolation and Farrow-based structures. 
